Abstract-For a robot navigating in a human inhabited dynamic environment, the knowledge of how the robot's movement can influence the trajectory of people around it can be very valuable. In this work we present a Human Motion Behaviour Aware Planner (HMBAP) which incorporates a Human Motion Behaviour Model (HMBM) in its planning stage to take advantage of this. HMBM is an obstacle avoidance model for people based on social forces which gives the robot an understanding of how people would react to its planned path. This information is useful for the robot to avoid imminent collisions with people in constricted spaces. The resulting robot behaviour is similar to how a human would move (in terms of avoidance behaviour) in a similar situation. We believe that this is a desirable feature for a robot navigating in a human inhabited environment. Our method shows good human-like navigation behaviour in situations where past methods fail to find a solution.
I. INTRODUCTION
The process of a human walking amongst other humans is highly interactive, and is based on the mutual understanding of behavioural aspect of human motion. For a robot to move and work among humans, it should have a certain level of understanding of human behaviour. While early methods depend on proxemics for path planning in human environments [1] , recent methods emphasize accurately predicting human motion, and then using the predicted motion, for planning [2] . While these methods do incorporate human motion information in planning, they do not consider that the robot's planned path may actually affect the trajectories of the humans around the robot. A block diagram representation of such methods is shown in Fig. 1 .
We are interested in incorporating the influence of the planned motion of the robot on the humans around it, in the path planning process for the robot. For this, we define a Human Motion Behaviour Model (HMBM), which predicts a person's motion based on the motion of both the robot and other humans around the subject. We integrate this model in our planning stages, as shown in the block diagram in Fig.  2 . In contrast to Fig. 1 , it can be seen that our planner uses the human behaviour model as a sub-module rather than as one time input. The result of this deeper integration is that the robot, while planning a path, considers how its planned path would influence the behaviour of the humans around it. This information is used to evaluate and select the robot's planned path, thereby resulting in more informed robot motions.
The importance of considering the environment objects' future behaviour has been pointed out by Fraichard [3] . Fraichard reasons that majority of the current robotic systems work in human environments only because people themselves took care of the collision avoidance. Had these robotic systems been placed among blind people collision would have happened. It is clear here, that the robot's trajectory affects the human trajectories, and since that it the case, the robot should account for this characteristic in its planning. By using HMBM in our planner we incorporate this collision avoidance behaviour of people at the planning stage for better evaluation of robot's planned paths.
The integration of HMBM with the planner also solves the Freezing Robot Problem (FRP) as defined by Trautman and Krause [4] . In dense crowds of people, due to high obstacle density, and motion uncertainty of humans, conventional path planning approaches fail to find a collision free path. Thus, the robot either makes no forward progress or takes extreme evasive action to avoid collisions. The reason for this is that conventional algorithms consider humans to be blind dynamic obstacles; that is, they do not consider that the robot's motion may actually influence a person's behaviour. By using HMBM in the planning stages, HMBAP gives the robot the reasoning that people try to avoid collisions with the robot. This new knowledge opens new paths for the robot which were considered not collision free without the use of HMBM. This helps the robot handle tough situations which conventional methods find hard to navigate.
The human behaviour model we use for our planner is a potential field method based on social forces. This model is derived from the one introduced in [5] . It depicts the fact that people move in the general direction of their goal, while trying to avoid collisions with obstacles. It defines social forces which on one hand, help it maintain its constant velocity, and on the other, repel it from obstacles. For our purpose, one of the important interacting forces in the model is the repulsive force exerted on the human subject by the robot. It is this force which helps the robot estimate its influence on objects and plan accordingly. One major advantage of this model is that it uses only the current positions/velocities of the objects to predict their next state. This results in the fast computation of the model at every step, and it is efficiently integrated in the planning routine.
It is important to consider that not all humans may follow HMBM. Some people are distracted or simply unaware of presence of other moving objects. We generalize our approach by classifying people as aware or unaware of the robots presence. While a human who is aware of the robot would try to avoid a collision with it, a human who is unaware would not do so. The classification whether a human is aware (or unaware) of the robot can be made based on the gaze direction of the person [10] , and by tracking its trajectory [11] . This classification produces interesting robot behaviour and results in safer trajectories. Simulation 3 demonstrates this behaviour.
Related work: Early work in the field of robot navigation in human populated environment has been on building social rules a robot is expected to follow amongst humans. Pacchierotti et al [1] explain the notion of intimate, personal, social and public spaces with respect to a human subject. Based on these rules of proxemics, they propose a control strategy for a robot to pass a human in a hallway. While the proposed control strategy works well for a hallway passing situation with one obstacle, it does not deal with multiple obstacles and is limited to hallways.
A social cost map based approach is proposed in [6] . It defines a safety criterion and visibility criterion for creating a social cost map for robot navigation. While the safety criterion attaches a high cost on positions close to humans, the visibility criterion attaches a high cost to regions which are not in the field of view of the humans. This method considers humans as static while planning, and depends on fast on-line re-planning to account for changes in their position. The idea of a safety and visibility criterion however, are important for navigation in dynamic human environments and can be developed further.
Human motion behaviour could be learned from real world data. Bennewitz et al [2] use a Hidden Markov Model (HMM) to estimate the current and future positions of persons based on sensory input. While this method gives a good estimation of pedestrian trajectories, it does not consider the robot's influence on the pedestrian trajectories. Luber et al [7] use an unsupervised learning approach to learn human motion patterns by considering relative motion between two passing humans. The method is shown to give better results than a proxemics based method but is limited to two human subjects.
Methods based on Velocity Obstacle (VO) [8] , [9] , have been used for multi-agent path planning in dynamic environment. These methods show that joint collision avoidance results in improved efficiency at joint navigation tasks in multi-robot systems. Trautman and Krause [4] apply the idea joint collision avoidance for navigation in dense crowds. They represent human and robot trajectories as interacting Gaussian Processes (GPs) and frame the planning problem as an inference task, which is solved by using importance sampling. In our approach, we achieve joint collision avoidance between the robot and people, by incorporating HMBM in its planning.
Contributions:
The key contribution of our work is a method for planning a path for a robot in a dynamic human environment, by considering the robot's trajectory's influence on near-by humans. We use a Human Motion Behaviour Model (HMBM) in our planner to achieve this. The method is reactive, as HMBM is fast to compute, and incorporates the distinction that humans can be aware or unaware of the robot's presence. The combined planner shows encouraging results.
Structure: The structure of this paper is as follows. Section II explains our approach in detail. It explains the Human Motion Behaviour Model (HMBM), the reactive local planner, the global planner, and finally the implementation of the complete planner. Section IV shows test results of simulated situations and compares the performance of our planner with and without HMBM. Section V concludes by summarising the results.
II. OUR APPROACH
Our approach combines a Human Motion Behaviour Model (HMBM) with Dynamic Window type Approach (DWA) [12] to create a Human Motion Behaviour Aware Planner (HM-BAP). DWA generates admissible trajectories for the robot, and for each trajectory, the HMBM is employed to create corresponding human trajectories. The combined planner uses HMBAP as a local planner and a Navigation Function (NF1) [13] as global planner. In this section we first explain the HMBM, followed by DWA and its extension to moving obstacles; we then explain the global planner and the final integration of HMBM with DWA and the global planner.
A. Human Motion Behaviour Model (HMBM)
The motion behaviour for people is highly irregular and is dependent on various social/environmental factors. While it is tough to model human behaviour as a whole, some universal basic traits can be modelled using a social force model [5] . The model considers human motion as holonomic. According to this model, the changes d ϑ h /dt of the preferred velocity ϑ h (t) of a human h are described by a vector F h (t) that can be interpreted as social force. F h (t) describes the motivation of the pedestrian to react to perceived information. We consider two main characteristics of human behaviour: i) If a person's motion is not disturbed, he/she will walk in a desired direction with a desired speed ϑ 0 h (t). A deviation of the actual velocity ϑ h (t) from the desired velocity ϑ 0 h (t), due to necessary obstacle avoidance measures, leads to a tendency to approach ϑ 0 h (t) again within a certain relaxation time τ h . This can be described by an acceleration term of the form:
ii) The motion of person is influenced by other moving obstacles (humans/robots). A person h moves in such a way so as to avoid getting close to other moving objects. We model this tendency in humans by defining a repulsive force acting on human h due the presence of obstacle k. This repulsive force is described by the acceleration term:
Where, r h,k is the position vector of k with respect to h, d col h,k is the collision distance between the two objects and d min is the minimum distance at which we consider repulsive forces of k acting on h. w rep is a weight which is used to adjust the magnitude of the repulsive force.
Another source of social forces is the static obstacles in the workspace, for example, walls in indoor environments. HMBM deals with walls by setting a person's velocity component normal to the wall to zero, when he/she comes close to the wall. This ensures that people, when close to a wall, can only move parallel to the wall. The model can be extended to arbitrary static obstacles by adding a repulsive force acting on people, that is normal to the boundary of the static obstacles.
The net social force on person h then becomes: Fig. 3 shows HMBM in action. The figure shows the robot (in yellow) and a human (in red) at time t c . The blue dotted line is a possible trajectory for the robot for time t ∈ [t c , t c + t sim ], with each successive dot corresponding to the future robot position at time incremented by a certain fixed resolution of ∆t. For each blue trajectory point at time t we use the HMBM to obtain a prediction of the person's location at time t. The red dotted line shows this predicted trajectory obtained corresponding to the robot's blue trajectory. To show the working of the model, the figure shows the force vectors, F 0 h and F rep h,k , at an arbitrary point on the green path, the path predicted by HMBM if the robot were to move along the blue trajectory. At each step HMBM considers these forces to determine the next position of the human obstacle.
Not all humans follow HB model: When humans navigate, they are constantly observing people around them to see if the person in their vicinity is aware of their presence or is distracted. A person who is distracted (unaware of the presence of other people) is more likely to bump into others, as he himself/herself does not try to avoid collisions. The robot needs to have similar capability to make such discrimination since this information can be very important for safe navigation in crowded human environments.
To introduce this additional planning capability in our planner, we associate each human obstacle in the robot's sensor's field of view with a awareness flag, which indicates whether it is aware or unaware of the robot's presence. The criteria for setting these flags would be based on visual clues, for example, by looking at the person's gaze direction [10] ; and can also be inferred from a person's trajectory [11] . For instance, if a person does not tend to slow down or move away while approaching the robot, its flag can be set to unaware.
For this work we assume that the flag status is available through a module which uses the criteria explained above to set the flag values. While a pedestrian, with its awareness flag set to aware, follows HMBM and is expected to avoid a collision with the robot; a pedestrian with its awareness set to unware does not follow HMBM and does not try to avoid collisions. Interesting robot navigation behaviours are seen by using this discrimination, as is seen in simulations in Section III.
B. Dynamic window approach (DWA)
DWA [12] is a velocity space based obstacle avoidance technique which incorporates the dynamics of the robot by restricting the velocity search space to the set of reachable velocities under the dynamic constraints. Let T be the time interval during which accelerationsθ andω will be applied on the robot and let v c (ϑ c , ω c ) be the current robot velocity, The velocity space V d (ϑ, ω) is defined as follows:
The trajectory of the robot is approximated by a sequence of circular and straight line assuming piece-wise constant velocities. Here the size of the search space is limited bẏ ϑ <θ max ,ω <ω max , ϑ < ϑ max and ω < ω max where Table I ). The velocity search space is further limited to admissible velocities V a . A velocity is admissible if the robot following the trajectory described by the velocity can stop before hitting an obstacle. The resulting reachable velocity space is then V r = V a ⊆ V d . An objective function which incorporates a criteria for choosing the optimal velocity is then defined over V r . The objective function we use in our work is a cost function defined in Eq. 5. Optimizing the objective function over V r gives the optimal velocity.
DWA for moving obstacles: DWA is a reactive avoidance technique, and it can deal with dynamic obstacles in the workspace by relying on its fast on-line replanning. However, in highly dynamic environment it becomes important to incorporate the dynamics of moving obstacles in the motion planner. An extension of DWA, incorporating moving obstacles, as demonstrated by Seder et al [14] , is seen to produce smoother and shorter paths for the robot, in dynamic environments. We use a similar approach to incorporate moving obstacles' dynamics in our method. While Seder et al use a constant velocity model to estimate obstacle positions, we use HMBM to estimate human positions.
Our method modifies DWA by changing process of evaluating the objective function for each robot trajectory. A trajectory corresponding to an velocity v r (ϑ, ω) in the velocity space V r , is sampled at a time interval of ∆t for a trajectory duration of t ∈ [t c , t c + t sim ]. Let S h (t) be the set of positions of all humans in the environment at time t. S h (t c ) then represents human positions at current time t c , i.e. the sensed human positions. Original DWA assumes that humans are static for t sim time, and therefore uses S h (t c ) for all t ∈ [t c , t c + t sim ] to evaluate the objective function for the trajectory. We modify this step to incorporate the dynamics of humans as follows. For each sampled point at time t ∈ [t c , t c + t sim ], the set of future human positions, S h (t), are predicted using a dynamic model for humans. We use HMBM to obtain the predicted positions S h (t). Now instead of using the sensed human positions, S h (t c ), for evaluating the objective function the predicted human positions S h (t) are used. This process ensures that the planner considers the dynamics of the moving obstacles while choosing a best trajectory.
C. Global Planner
DWA is susceptible to local minima. This limitation can be overcome by using a global planner along with DWA. A grid-based navigation function, NF1 can be used with DWA to achieve a global DWA [15] . For our implementation, we use the NF1 independent of the DWA. First NF1 plans a global path from the start to the goal, and the planned path is then piece-wise fed to the DWA planner. The navigation function is computed with a wave front algorithm [13] . Starting from the goal position, each grid cell is marked with its L 1 distance from the goal position. The result is a local minima free potential function with its absolute minimum at the goal position. Once the navigation function is computed, the global path is obtained by running a best first search (on L 1 distance) on the grid cells from the start to the goal. This planned path is passed to DWA.
D. Complete planner implementation
The complete planner implementation is presented in Algorithm 1. When the robot is set a goal, the global planner (NF1) plans a path from the current (start) pose to the goal pose and passes it to the local planner. The local planner is a integration of DWA with HMBM. At any current time t c the planner computes the velocity space V r consisting of admissible velocities in the dynamic window space. Each of the velocities in V r describe a circular arc or a straight line trajectory T r for duration [t c , t c +t sim ] with a time step of ∆t. For each of these trajectories, HMBM has a different prediction of human trajectories. Using the corresponding predicted human trajectories, we evaluate the objective function for each trajectory T r corresponding to φ ∈ V r . Our objective function is a cost function that is minimized over V r :
Here α, β and γ are constants used for tuning the cost function. 
Algorithm 1 Planner implementation
//S h (t), V h (t) are sets of positions and velocities of all humans at time t GP ath ← N F 1(StaticM ap, Start, Goal) s r (t c ) ← Start while s r (t c ) = Goal do // U pdate pose/vel.f or the robot and humans 2) Deviation from global path (d path ) -d path is the distance of the last point in the trajectory T r from the global path generated by the global planner. A lower d path ensures that the selected trajectory deviates less from the generated global path, lest the robot gets trapped in a local minima.
3) Minimum distance to obstacles (d obs ) -d obs is the minimum distance to obstacles along the entire trajectory. The exponential function in Eq. 5 represents the cost due to this distance. The cost function is inversely proportional to d obs .
A larger d
obs results in lower cost ensuring the robot avoids obstacles by a greater/safer distance. Here d col is the collision distance for the robot and η is a constant (see Table I ).
We use HMBM while evaluating the objective function T rCost for a trajectory T r. In the constituent terms of T rCost, d
goal and d path are independent of HMBM, as they only depend on the position of the robot at the completion of trajectory T r. d obs however, which measures how close the trajectory gets to obstacles, makes use of HMBM to estimate human predicted locations and their distance from the robot for every time step t ∈ [t c , t c + t sim ]. The process starts with the set of positions S h (t c ) and the velocities V h (t c ) of humans at t c , available through sensors/simulator. For obstacle positions S h (t c ) and robot position s r (t c ), d
obs (tc) is evaluated. For the next time step the new obstacle positions and velocities, S h (t c + ∆t) and V h (t c + ∆t), are determined using HMBM.
Thus obtained S h (t c +∆t) and V h (t c +∆t),and s r (t c +∆t) for T r, are used to evaluate d obs (t c + ∆t). This process is iterated for all the points in the interval [t c , t c + t sim ]. The maximum value of d obs (t) is set to be the value of d obs for trajectory T r. The values of d goal and d path are evaluated after d obs is obtained. Together the three quantities give the T rCost of trajectory T r. Once the cost of all trajectories corresponding v r ∈ V r are obtained, the cost function is minimized over V r to get the optimal velocity. This process is repeated at each time step, generating optimal velocity for execution, which is passed to the robot's motor control module.
III. TEST RESULTS
The proposed method has been implemented using ROS (Robot Operating System) [16] . We use Stage for simulation, and RViz for visualization, packages available under ROS. We assume perfect sensing and pass exact human/robot odometry data from Stage to HMBAP. The parameters for dynamics of the robot were set similar to that of Powerbot, the indoor robot. Parameters for HMBM and the T rCost function were set empirically via test simulations. The former were set so that HMBM models appropriate obstacle avoidance behaviour expected of humans. The later were set such that the robot safely avoids obstacles while following the planned global path (See Table I ).
We have created tough navigation scenarios for the robot which clearly highlight the advantages of our proposed method. The planner was tested in constricted spaces and in crowded environments to test its applicability to different set-ups. To show the advantages of using HMBM in the planner, we first run the simulations without HMBM and then with HMBM. Our results are interesting and encouraging. In this section we explain three of such tested scenarios and their result. The videos for the actual simulation for the three experiments can be seen at http://www.youtube.com/playlist?list=PLan07jHNSwt0_ DWj7gRYbLjbHpaCNveWR.
Simulation 1: Human waits for robot to move
The scene for this simulation is as shown in the first (top left) snapshot in column I in Fig. 4 . The robot is shown in yellow; it is in a hallway and is facing a T junction. A human obstacle, A, shown in green, is some distance behind the robot and is moving towards it, intending to move to the T-junction. Another human obstacle, B, shown in red, is in left arm of the T junction and is moving towards the T-junction; it intends to continue straight ahead past the T-junction. For all the simulations we use red color for humans that are unaware of the robot, and green color for humans that are aware of the robot. Here human A is aware of the robot and will try to avoid a collision with it, but human B is not aware of the robot's presence and will not try to avoid a collision. The robot is set a goal in the left arm of the T junction past human B (shown by a blue arrow). The behaviour of the robot is discussed below: Without HMBM: Column I in Fig. 4 shows the behaviour of the robot while using the planner without HMBM. NF1 plans a path for the robot which goes to the T-junction and then turns left towards the goal; it is seen in blue in the first sub-figure. The robot moves along this path till it reaches the T junction. The robot has three main alternative paths at this point. The first alternative is to go left along the planned global path, the robot cannot take this path as it expects to collide with human B while executing this path. The second option is to wait at its current location, the robot cannot take this path as it expects a collision with human A on doing so. The third option is to go right, this is a high cost path as it deviates from the planned global path. The robot despite the high cost, takes this third path, as the other two alternatives lead to collision. As seen in the last figure the robot turns right and continues moving away from its goal to avoid colliding with B. The robot is now trapped in the right arm of the T-junction, as the corridor is wide enough for only one entity to pass.
With HMBM: Column II in Fig. 4 shows the behaviour of the robot while using the planner with HMBM. As before, the global planner plans a path for the robot which goes to the Tjunction and then turns left towards the goal. The robot moves forward to the T junction, and evaluates the three alternative paths available. The robot rejects going left as it expects a collision with obstacle B. The second option is for the robot to wait at its current location; in this case HMBM predicts that if the robot stops, human A will slow down and stop before colliding with the robot, hence the trajectory cost is lowered. The position is still a high cost position for the robot as it is close to obstacle A. The third option is for the robot to go right. This trajectory is a high cost path as it deviates from the global path. The robot takes the second option as it is less costly than a trajectory which deviates considerably from the global path and the goal. The robot waits for B to pass and then moves to the goal. This robot behaviour is very humanlike and effective in getting the robot to its goal.
Simulation 2: Corridor passing situation
This simulation shows the robot (in yellow) in the center of a hallway, as seen in the first snapshot in Fig. 5 column I. From each side of the hallway a human obstacle, shown in green, is walking towards the center of the hallway. We refer to the human in front of the robot as human A and the human behind the robot as human B. The robot is given a goal towards the end of the hallway (shown by a blue arrow), such that it has to pass human A to reach the goal. Both the humans are aware of the robot and will try to avoid a collision with the robot. We discuss the behaviour of the robot below:
Without HMBM: Column I in Fig. 5 shows the behaviour of the robot while using the planner without HMBM. The global path planned connects the start and goal configuration along the center of the hallway. The robot moves along the global path, but it slows down on reaching close to human A. The robot cannot pass human A, as human A is walking down the center of the hallway leaving no space for the robot to pass on its sides. Since the robot can no longer go forwards, the only other option is to stop or turn around and go back. The robot cannot stop as it expects to collide with the approaching human A. The robot cannot go back either as doing so will With HMBM: Column II in Fig. 5 shows the robot behaviour. The planned global path is same as before. The robot moves along the global path, but it slows down on reaching close to human A. As before the robot cannot pass human A, as human A is walking down the center of the hallway leaving no space for the robot to pass on its sides. The robot evaluates all possible trajectories. The trajectory moving the robot to one side of the hallway is found to be the lowest cost. The Human Behaviour model estimates that for this trajectory where the robot moves to one side of the hallway, human A moves to the other side of the hallway (since a repulsive force acts on the human forcing it away from the robot). This estimate makes this trajectory a less costly one and the robot executes this trajectory. The robot moves to one side of the hallway, the human moves to the other side of the hallway and the two pass. This is a very interesting behaviour shown by the robot and is similar to what a human would do in such situations.
Simulation 3: Crowded mall situation
Simulation 3 shows a scene typical in malls where crowds of people move in large courtyards at different speeds. The robot is in one such courtyard as seen in the first snapshot in Fig. 6 Column I. In front of the robot is a slow moving human obstacle, say human A. Since the robot is behind A, A is unaware of the robot's presence. From behind the robot, 3 people are approaching it with relatively faster speed, starting from the left we call them B,C and D. To create an interesting case, human D is considered as distracted, hence unaware of the robot's presence. B and C on the other hand are aware of the of robot. Two other people are walking, each in front of B and D respectively, and are aware (as indicated by the green color). The robot is given a goal straight ahead past human A (shown by a blue arrow). The robot behaviour is as follows.
Without HMBM: Column I in Fig. 6 shows the behaviour of the robot. The planned global path is a straight line from the start pose to the goal pose. The robot moves forward along the global path approaching the slow moving person, A; the robot evaluates its options. The first alternative is to overtake the obstacle either from the left or the right but the robot cannot do this as the path is expected to be in collision with human B or human D respectively. The robot cannot stay behind human A as human C will be expected to collide with it. The planner reports that it cannot plan a collision free path. The robot stalls.
With HMBM: Column II in Fig. 6 shows the behaviour of the robot. The planned global path is same as before. As the robot moves forward along the global path approaching the slow moving person, A, it evaluates its options. Moving behind A is an option. The robot risks a collision with C but HMBM predicts that C will slow down to avoid a collision with the robot, nevertheless it is a high cost option as the robot is close to C. The second option is to overtake human A from the right; in this case the robot will be in collision with the human D as the model knows D is unaware and will make no effort to accommodate the robot. The third option is to pass human A from the left; in this case the robot risks colliding with B but the HMBM predicts that since B is aware of the robot, it will move further left to avoid a collision with the robot. While both trajectory options, one and three, are collision free, the robot chooses the later as it gets it closer to its goal. The robot takes this trajectory overtaking person A from the left and reaching its goal. The second figure in column II of Fig. 6 shows the robot take this path (the figure for this case shows only four humans as the two humans walking on the sides have moved way past the robot's neighbourhood). This robot behaviour is effective in taking the robot to the goal and is very human-like.
IV. CONCLUSION AND FUTURE WORK
We introduced a Human Motion Behaviour Aware Planner (HMBAP) that takes advantage of how people react to the robot's motion. The planner uses the DWA to generate admissible trajectories, and then uses HMBM to estimate human motion behaviour for each of these trajectories. The predicted human trajectories are taken into account to evaluate the robot trajectories and choose the lowest cost one. We extend our method to incorporate the distinction of aware or unaware people. The method is fast and shows a human like behaviour of the robot in avoiding other humans around it.
We plan to implement HMBAP on a real robot with appropriate sensors and test it in a lab scenario with humans moving around it. We also plan to extend our approach to incorporate more robot human interaction. An easy extension to our method is to have the robot plan for increasing its awareness among surrounding people while navigating. This will ensure more people are aware and engage in joint collision avoidance with the robot. Finally we will incorporate HMBAP in a comprehensive hierarchical safety approach being developed in [17] .
